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SYSTEM AND METHOD OF
NEAR-CONSTANT TIME RECOVERY OF
CONTINUOUSLY CHANGING
SYNTHESIZED LARGE DATASETS

BACKGROUND

Synthesized Large Data Sets (SLDS) represent large to
very large datasets that are formed by aggregating or syn-
thesizing a large number of discreet data. Unlike other
conventionally large datasets, such as large database files or
virtual disk files, SLDS does not exist as a single data set in
the primary, for individual datum may possess little value
and meaning. Generally, the data of SLDS is synthesized
within a secondary storage for various purposes such as
security, archiving, research, analytics, and the like.
Examples of SLDS may include data relating to weather,
on-board flight monitoring systems, satellite information,
oceanography, scientific/engineering research, bioinformat-
ics, remote sensing (e.g. hyperspectral datasets), homeland
defense (e.g. face recognition, epidemiology) large-scale
physics simulations, dynamics on complex networks (e.g.
internet traffic analysis, urban population dynamics), and the
like. A particular example of SLDS may comprise a nation-
wide weather dataset that is collected from millions of
sensors. Thereby, it is only by the aggregation of millions of
data points into a SLDS (such as, a snapshot of national
weather for example) that any meaningful application of a
dataset can be performed for further research, analysis,
modelling and the like.

The challenge for systems processing SLDS evolves
around the characteristics of SLDS. First, SLDS constantly
changes in size and shape. In particular, some data points of
the SL.DS may not be available for a certain amount of time.
For example, a few sensors may malfunction or may not be
able to transmit data due to bad weather. Further, at any point
in time data points or sensors may be added to the system,
further altering the dataset. Moreover, since SLDS typically
changes rapidly, numerous versions of a dataset may exist
within a given time frame. However, no conventional tech-
niques like snapshots can be employed for efficient capture
and restore of different versions of SLDS. Thus, with a large
number of versions to be maintained for each dataset, the
recovery time also increases as a function of the number of
versions maintained. Further, SLDS recovery consumes an
unreasonably large amount of storage space.

One present system (manufactured by Veeam® Software)
uses reverse incrementals, where the last backup is a full
backup and all previous incremental backups are converted
into reverse incrementals. The goal of reverse incrementals
is to move forward the retention window, such that the old
full backup may be deleted. However, this solution always
requires that a full backup be maintained for recovery. In
another data recovery system, Oracle’s® RMAN, the last
incremental backup is merged, when a new incremental
backup is created. Yet, RMAN always merges the new
incremental with the full backup to create a new full backup.
Thus, there is only the last full backup and exactly one last
incremental backup available for data recovery. Other data
recovery systems like Apache Hadoop include distributed
processing of very large data sets on computer clusters.
These systems, however, yield longer response times and
sub-optimal storage layout. Thus, there is a need to effi-
ciently capture, store, and recover data (including metadata)
relating to SLDS, such that any given version of SLDS can
be efficiently recovered without consuming a lot of time. It
is within this context that the embodiments arise.
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SUMMARY

In some embodiments, a system and a method for data
recovery of large datasets is provided. The method for data
recovery may include generating a first version of a dataset
having a plurality of segments. For example, the first version
may be generated by collecting using a processor a plurality
of data inputs corresponding to the first version of the large
dataset from a plurality of computing devices and storing
these in a map. The method may further include generating
a first delta map corresponding to changes in the plurality of
segments for a second version of the large dataset, wherein
the second version is one of a plurality of versions of the
dataset generated after the first version. In addition, the
method may include generating a second delta map corre-
sponding to changes in the plurality of segments for all
versions prior to the second version. Further, the method
may include generating a recovered version of the data set
by summing the first version, the first delta map, and the
second delta map.

In some embodiments, data recovery system is provided.
The data recovery system may include a memory coupled to
a processor operable to generate a first version of a large
dataset having a plurality of segments. The processor may be
further operable to generate a first delta map corresponding
to changes in the plurality of segments for a second version
of the large dataset, wherein the second version is one of a
plurality of versions of the dataset generated after the first
version. In addition, the processor may be further operable
to generate a second delta map corresponding to changes in
the plurality of segments for all versions prior to the second
version. Further, the processor may be operable to generate
a recovered version of the dataset by summing the first
version, the first delta map, and the second delta map.

In some embodiments, a tangible, non-transitory, com-
puter-readable media having instructions whereupon which,
when executed by a processor, cause the processor to
perform the router hijacking detection method described
herein. The method may include generating a first version of
a large dataset having a plurality of segments. For example,
the first version may be generated by collecting using a
processor a plurality of data inputs corresponding to the first
version of the large dataset from a plurality of computing
devices and storing these in a map. The method may further
include generating a first delta map corresponding to
changes in the plurality of segments for a second version of
the large dataset, wherein the second version is one of a
plurality of versions of the dataset generated after the first
version. In addition, the method may include generating a
second delta map corresponding to changes in the plurality
of segments for all versions prior to the second version.
Further, the method may include generating a recovered
version of the dataset by summing the first version, the first
delta map, and the second delta map.

Other aspects and advantages of the embodiments will
become apparent from the following detailed description
taken in conjunction with the accompanying drawings which
illustrate, by way of example, the principles of the described
embodiments.

BRIEF DESCRIPTION OF THE DRAWINGS

The described embodiments and the advantages thereof
may best be understood by reference to the following
description taken in conjunction with the accompanying
drawings. These drawings in no way limit any changes in
form and detail that may be made to the described embodi-
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ments by one so skilled in the art without departing from the
spirit and scope of the described embodiments.

FIG. 1 is a block diagram of an exemplary network
architecture for data recovery of large datasets, in accor-
dance with some embodiments.

FIG. 2 is a block diagram of a map for a large dataset
having incremental updates in some embodiments.

FIG. 3 is a Venn diagram representing an example for a
mathematical model of dataset versions in accordance with
some embodiments.

FIG. 4 is a graphical representation showing the recovery
performance of the system in accordance with some embodi-
ments versus other methods.

FIG. 5A is an exemplary flow diagram of a method of data
recovery for large datasets in accordance with some embodi-
ments.

FIG. 5B is a flow diagram for the method for generating
the initial version of the large dataset of FIG. SA.

FIG. 5C is a flow diagram for a method of generating the
first delta map for the nth version FIG. 5A.

FIG. 5D is a flow diagram for a method of generating the
second delta map for all versions prior to the nth version of
FIG. 5A.

FIG. 5E is a flow diagram for a method of retrieving the
delta map corresponding to the (n—1)* version of FIG. 5A.

FIG. 5F is a flow diagram for a method of generating a
cumulative set of changes prior to the n” version of FIG. 5A.

FIG. 6 is an illustration showing an exemplary computing
device which may implement the embodiments described
herein.

DETAILED DESCRIPTION

The embodiments below describe a system and a method
for near-constant time recovery of continuously changing
synthesized large data sets. The method may include gen-
erating a first version of a dataset having a plurality of
segments. For example, the first version may be generated
by collecting using a processor a plurality of data inputs
corresponding to the first version of the large dataset from a
plurality of computing devices and storing these in a map.
The method may further include generating a first delta map
corresponding to changes in the plurality of segments for a
second version of the large dataset, wherein the second
version is one of a plurality of versions of the dataset
generated after the first version. In addition, the method may
include generating a second delta map corresponding to
changes in the plurality of segments for all versions prior to
the second version. Further, the method may include gen-
erating a recovered version of the data set by summing the
first version, the first delta map, and the second delta map.

The system and method for data recovery described
herein enables recovery of any version of a continuously
changing synthesized large data set (SLDS) with almost
near-constant time of recovery. The method may further
include storing metadata, such that the time required to
recover any given copy of data is significantly reduced.
Moreover, not only is the time to recover the large dataset
greatly reduced, but it also becomes near-constant irrespec-
tive of the version recovered. This system and method for
data recovery also possesses better performance over exist-
ing methods. Further, the system described herein is space-
efficient and does not require costly hardware. This system
and method applies to all emerging markets of SLDS and
can be equally applied to most of the traditional workloads.

The system and method for data recovery described
herein behaves differently from RMAN in two ways. First,
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the method merges an incremental with previous incremen-
tal and not with the last Full. Secondly, the method described
herein maintains multiple versions of such merged incre-
mental backups and, not just the last one. With respect to
reverse incrementals, the system and method described
herein maintains all incrementals as regular, forward incre-
mentals. No conversion of any sort occurs for past versions.
Thereby, there is no requirement to move the retention
window.

In the following description, numerous details are set
forth. It will be apparent, however, to one skilled in the art,
that the present invention may be practiced without these
specific details. In some instances, well-known structures
and devices are shown in block diagram form, rather than in
detail, in order to avoid obscuring the present invention.

Some portions of the detailed descriptions which follow
are presented in terms of algorithms and symbolic repre-
sentations of operations on data bits within a computer
memory. These algorithmic descriptions and representations
are the means used by those skilled in the data processing
arts to most effectively convey the substance of their work
to others skilled in the art. An algorithm is here, and
generally, conceived to be a self-consistent sequence of steps
leading to a desired result. The steps are those requiring
physical manipulations of physical quantities. Usually,
though not necessarily, these quantities take the form of
electrical or magnetic signals capable of being stored, trans-
ferred, combined, compared, and otherwise manipulated. It
has proven convenient at times, principally for reasons of
common usage, to refer to these signals as bits, values,
elements, symbols, characters, terms, numbers, or the like.

It should be borne in mind, however, that all of these and
similar terms are to be associated with the appropriate
physical quantities and are merely convenient labels applied
to these quantities. Unless specifically stated otherwise, as
apparent from the following discussion, it is appreciated that
throughout the description, discussions utilizing terms such
as “providing,” “generating,” “installing,” “monitoring,”
“enforcing,” “receiving,” “logging,” “intercepting”, or the
like, refer to the action and processes of a computer system,
or similar electronic computing device, that manipulates and
transforms data represented as physical (electronic) quanti-
ties within the computer system’s registers and memories
into other data similarly represented as physical quantities
within the computer system memories or registers or other
such information storage, transmission or display devices.

FIG. 1 illustrates a block diagram of an exemplary net-
work architecture 100 for data recovery of SLDS in which
embodiments of the SLDS data recovery system 120 may
operate. The network architecture 100 may include one or
more SLDS data recovery systems 120 coupled to a network
140 (e.g., public network such as the Internet or private
network such as a Local Area Network (LAN)). Network
150 may comprise a mobile communication network (not
shown) that couples to a public network, wherein the mobile
communication network includes a radio access network
having at least one base station. Further, the network archi-
tecture 100 may include one or more computing devices
160a-160c¢ coupled to network 140 for providing data points
associated with a SLDS. Examples of a computing device
140 may include, but are not limited to, personal computers,
laptops, PDAs, mobile phones, network appliances, and the
like. Additionally, the network architecture 100 may include
one or more sensors 150a-150¢ coupled to network 140 for
providing data points associated with a SLDS. The sensors
150a-150¢, computing devices 160a-160c, and the SLDS
data recover system 120 may reside on the same LAN, or on



US 10,877,943 B1

5

different LANs that may be coupled together through the
Internet, but separated by firewalls, routers, and/or other
network devices. In one embodiment, sensors 150a-150¢
may coupled to network 140 through a mobile communica-
tion network. In another embodiment, the computing sys-
tems may reside on different networks. Although not shown,
in various embodiments, the computing devices may be
notebook computers, desktop computers, microprocessor-
based or programmable consumer electronics, network
appliances, mobile telephones, smart telephones, pagers,
radio frequency (RF) devices, infrared (IR) devices, Per-
sonal Digital Assistants (PDAs), set-top boxes, cameras,
integrated devices combining at least one of the preceding
devices, and the like. In various embodiments, the sensors
may be thermocouple, a thermometer, a biological sensor, an
optical sensor, a chemical sensor, a microsensor, a pressure
sensor, a ultrasonic sensor, humidity sensor, gas sensor,
motion sensor, an acceleration sensor, a displacement sen-
sor, and the like. Sensors 150a-150¢ may couple to sense
acoustics, sound, vibration, automotive/navigation vari-
ables, chemicals, electrical current, electric potential, mag-
netic force, radio frequency, flow, fluid velocity, position,
angle, displacement, distance, speed, acceleration, optics,
pressure, force, density, heat, temperature, and the like.

The SLDS data recovery system 120 may comprise a
processor 126, memory 128, and a data recovery module
122. The data recovery module 122 may comprise process-
ing software instructions and/or hardware logic required for
recovering a select version of the SLDS. The SLDS data
recovery system 120 may also include a local data store 124,
which can be one or more centralized data repositories that
store datapoints, versions, delta maps (maps corresponding
to changes from one version to another), and the like. The
local data store 124 may represent a single or multiple data
structures (databases, repositories, files, etc.) residing on one
or more mass storage devices, such as magnetic or optical
storage based disks, tapes or hard drives. Although data store
124 is illustrated as being local to the SLDS data recovery
system 120, the network architecture 100 may include a
remote data store 172, which couples through a server 170.
The SLDS data recovery system 120 can communicate with
the remote data store 172 over a public or private network.

The data recovery module 122 may detect changes in the
datapoints associated with a version of the SLDS in accor-
dance with an SLDS model in some embodiments. The
SLDS model corresponds to a dataset that may be logically
divided into segments, which are constantly updated. Lik-
ened unto a disk or a file, these segments could be equivalent
to blocks or extents. That is, give a dataset D, the dataset
may be divided into m segments (S1, S2, S3, . . . Sm). The
segments may be all of the same size or of different sizes.
The SLDS may comprise an initial full set, “Full” or F,
which consists of initial value of all the segments; wherein,
the full set, F, comprises {S1,, S2,, S3,, Sm,}. Any value of
the full set F may be a null value. Incremental updates for
the dataset may comprise a set (I;, I,, I, . . . L)), in such that
within each update, various segments are updated.

Prior data recovery systems may store all the incremental
changes (deltas) in a chronological manner, and thereafter
recover any given version of the dataset by applying all the
preceding incremental changes in chronological order. This
approach to recovery of any random version of the dataset,
however, has an efficiency that is a function of the number
of incrementals. That is, the time for recovery of a version
of a dataset increases with the number of incrementals
processed. In particular, since any version V,, of the dataset
equals the sum of all the incremental updates over the base
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version (i.e. V,=F+[ +1,+L;+ . .
approach may be time consuming.

In contrast, the SLDS model corresponding to the system
and method described herein differs to the above approach
for data recovery of a version V,, in the following manner.
FIG. 2 is a block diagram of a map 200 for a large dataset
having incremental updates in some embodiments. That is,
for any given version of the dataset as shown in FIG. 2, any
particular segment may change. As illustrated, each block
represents a segment, wherein a changed segment is indi-
cated by shading and a representative version notation (i.e.
n, n-1, n-2, etc.). In particular, as shown in FIG. 2, the
segments (blocks) marked ‘n’ are the segments changed in
the n” update. Similarly, segments marked ‘n-1" are the
segments changed in the (n—1)" update. A dataset D repre-
sents a collection of all the individual segments (i.e. D={S,,
S, S, . .., S,D. As different updates change these
segments S,-S,,, any given version V,, of the dataset D is a
union of all the segments changed over different versions.
Therefore, the n™ version V, of the dataset D can be
approximately represented as:

. +L,), the conventional

V,={set of segments changed in version #}+{set of
segments changed in version #-1}+{set of seg-
ments changed in version n-2}++Base version

(1

There, however, may exist segments that change over
multiple versions. That is, for example, a segment S; may
change in the n” and (n-1)" versions, but not in the (n-2)"
version. In any case, the system and method ensures that the
latest version of the segment needs to take precedence over
older versions. Thus, the more accurate representation of the
n” version of the dataset D can be represented mathemati-
cally as in FIG. 3 using a Venn diagram. As noted supra,
FIG. 3 is a Venn diagram representing an example for a
mathematical model of dataset versions in accordance with
some embodiments. As shown, any particular n version V,,
may be represented by the set of segments that did not
change in any of the n updates (F,). Further, the n” version
may comprise a set of segments that changed in the n”
update (D,) and a set of segments that changed in all the
updates prior to the n” update (P,). Finally, the n” version
(V,,) may further include a set of segments (C) common to
both the n” update and any previous updates. As shown, this
is illustrated as the datapoints in the area where the elliptical
region for P, intersects the elliptical region for D,. This
region is the intersection of P,, and D,, denoted by P,ND,,.
The combined set of segments representing all changes is
the union of regions P, and D,,, denoted by P,UD,,. It may
be noted that the set C may or may not be a null set.

As shown in FIG. 3, the n” version V,, of the Dataset D
can be represented mathematically as:

V,=D,+{Pn-C}+F, [2]

All segments that are only changed in updates prior to the
n™ version can be expressed as:

{P-Cy={D,UP)IND,} Bl

Therefore, all segments unchanged in any of the n updates
may be represented by the mathematical expression:

F={D,UP,)NF} [4]

Thus, the n” version may be represented by the following
equation:

V,=D,+{(D,UP,)ND, }+{(D,UP,)NF} (5]

Notably, the absolute value of the n™ version V,, is qual to
the absolute value of the full initial set, F:IV, |=|FI; but V =F.
That is, the cardinality (number of elements in a set) of V,,
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and F can be the same, but the sets may not be equal. They
can be equal if there are no updates to the dataset. In other
words, V,=F, when D,=P,=0 (representing empty sets).
Thus, the equation [5] can be written in a more concise form
as:

V=D, +P,\D, }+{F\(D,UP,)} (6]

where, P,\D,, is equal to the set difference of P,, and D,,.
That is, P,\D,, is equal to all members (segments) of P, that
are not part of D,,.

Further, equation [6] is in the form that requires only three
entities in many cases to correctly express any given version
of the dataset. These three entities are: F, where F equals the
initial full set of all segments; Dn, where D equals the
change (delta) corresponding to the n™ version; and Pn,
where Pn equals the change (delta) corresponding to all
versions prior to the n” version.

Another implication of equation [6] is that two of the three
entities involved are constant. In particular, the initial full set
of all segments, F, is always constant for a given system.
Further, the change (delta), D,,, corresponding to the n”
version may also be constant in magnitude (i.e. the amount
of changed segments per update/version) for a given system.
The only parameter that may slightly vary is the change
(delta), P,, corresponding to all versions prior to the n?
version. This delta parameter, P,, may grow over time, due
to successive versions typically having only a partial overlap
with previous versions. Therefore, two of the parameters
remain constant, while the third varies and grows slightly
over the time. Thereby, the recovery time of any version
using this system modeled after equation [6] is near-con-
stant.

FIG. 4 is a graphical representation showing the recovery
performance of the system in accordance with some embodi-
ments versus other methods. That is, the characterization of
the recovery time as described above can be explained with
the help of FIG. 4, which shows a graphical representation
of projected recovery performance of the system and method
described herein versus the recovery time of prior
technique(s). As shown, the time to recover a dataset in
curve 410 for a conventional method of applying n incre-
mentals to a full backup is a function of the number of
versions. Thereby, the larger the number of incremental
updates, the longer the conventional method may take to
recover a particular version of the dataset. The time to
recover a dataset represented by curve 420 for another
conventional method, where a recovered version is opti-
mized with an intermediate synthetic full, renders the recov-
ery time to be a function of the versions to recover within a
designated time scale or range. Conversely, the recovery
time curve 430 for the time to recover a dataset using the
system and method disclosed herein is the shortest and does
not depend upon the number of existing versions. The
recovery time curve 430 is the least amount of time required
for data recovery of the three methods presented. It should
be noted that any system of capturing and recovering a
dataset may, at all times, maintain the full set of all segments
F and all instances of the change corresponding to the n”
version, D,,. However, the delta parameter P,, is the only
entity that is not directly maintained in a conventional
system. Any system, however, that can correctly maintain P,
for all required versions can use the SLDS model proposed
herein, where equation [6] may be used to quickly recover
any version of the dataset in near-constant time.

Therefore, the system and method for data recovery
described herein enables recovery of any version of a
continuously changing synthesized large data set (SLDS)
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with almost near-constant time of recovery. Further, the time
to recover the large dataset also becomes near-constant
irrespective of the version recovered. This system and
method for data recovery also possesses better performance
over existing methods. Further, the system described herein
is space-efficient and does not require costly hardware. This
system also applies to all emerging markets of SLDS and
can be equally applied to most of the traditional workloads.

The foregoing description illustrates how the “extents
map” for the particular version that can be recovered.
Regarding the data, the system can use one of the tech-
niques, such as the FUSE mapper driver. Further, scalable
storage can be used to create virtual objects above the
storage capacity layer, which merely has pointers to the
actual chunks of data in the underlying storage layer. Thus,
there need not be any physical movement of data for
recovery.

FIG. 5A1s an exemplary flow diagram of a method of data
recovery for large datasets in accordance with some embodi-
ments. In an action 510, the SL.DS data recovery system 120
may generate a first version of a large dataset. For example,
as shown in FIG. 5B, which represents a flow diagram for
the method for generating the initial version of the large
dataset of FIG. 5A, SLDS data recovery system 120 may
collect a plurality of data points from sensors (150a-150¢) or
computing devices (160a-160c). These sensors or comput-
ing devices may be coupled locally or remotely to a data
recovery module 122 located with the SLDS data recovery
system 120. These datapoint samples may be stored locally
or remotely into a map representing the initial full set of all
segments (F).

Following equation [6] as noted supra, the recovered
version equals the sum of the initial full set of all segments
(F); the change (delta) corresponding to the n version (D, );
and the change (delta) corresponding to all versions prior to
the n” version (P,). Accordingly, in an action 520, the SLDS
data recovery system 120 may generate a first delta map for
the n” version of the dataset. In particular, FIG. 5C repre-
sents a flow diagram for a method of generating the first
delta map for the n” version FIG. 5A (action 520). As
shown, in action 522, the data recovery module 122 couples
to receive the n” version of the large dataset. The data
recovery module 122, at action 524, detects a change
between at least one segment of the n” version and a
previous version. For example, where the SLDS data recov-
ery systems 120 couples to receive data relating to weather
from a vast number of sensors over a network, the data
recovery module detects a change between the n” version
and the (n-1)” version. Further, the data recovery module
122, at action 526, may store each change in the first delta
map.

In an action 530, the SLDS data recovery system 120 may
generate a second delta map for all versions prior to the n”
version of the dataset. For example using the weather
example noted supra, the data recovery module generates a
delta map for all versions prior to the n” version of the
dataset. In particular, FIG. 5D represents a flow diagram for
a method of generating the second delta map for all versions
prior to the n” version of FIG. 5A (action 530). As shown in
action 532, the data recovery module 122 retrieves the
(n-1)" delta map from storage. In particular, FIG. 5E is a
flow diagram for a method of retrieving the delta map
corresponding to the (n—1)” version of FIG. 5A (action 532).
Action 532 begins with the data recovery module 122
receiving the (n-1)? version for the large dataset at action
534. In an action 536, the data recovery module 122 detects
a change between at least one segment of the (n—1)" version
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and a previous version. Further, the data recovery module
122 at action 538 stores each detected change in a second
delta map corresponding to the (n—1)” version.

Further, the data recovery module 122, at action 540 of
FIG. 5D may generate a cumulative set of changes prior to
the n” version. In particular, FIG. 5F is a flow diagram for
a method of generating a cumulative set of changes prior to
the n” version of FIG. 5A (action 540). Action 540 begins
with the data recovery module 122 receiving all prior
versions from the second version through to the (n—1)"
version at action 542. Reviewing each version separately
from the second version through to the (n-1)” version, the
data recovery module 122, at action 544, may detect a
change in at least one segment of an observed version and
a prior version. Further, the data recover module 122, at
action 546 may store each detected change in a respective
delta map corresponding to each version from the second
version through to the (n—1)" version. In an action 548, the
data recovery module 122 may sum each respective delta
map to generate the cumulative set of changes. To complete
the generation of the second delta map of action 530 that
uses the cumulative set of changes (referring back to FIG.
5D), the data recovery module 122 may also sum the
cumulative set with the (n-1)” delta map at action 550.

As a final step in FIG. 5A in an action 560, the SL.DS data
recovery system 120 may generate a recovered dataset for
the nth version by summing the initial full set of all segments
generated in action 510, the first delta map generated in
action 520, and the second delta map generated in action
530. Thereby, the method for data recovery described herein
enables recovery of any version of a continuously changing
synthesized large data set (SLDS) with almost near-constant
time of recovery. The method may further include storing
metadata, such that the time required to recover any given
copy of data is significantly reduced. Moreover, not only is
the time to recover the large dataset greatly reduced, but it
also becomes near-constant irrespective of the version
recovered. This method for data recovery also possesses
better performance over existing methods. Further, this
method applies to all emerging markets of SL.DS and can be
equally applied to most of the traditional workloads.

It should be appreciated that the methods described herein
may be performed with a digital processing system, such as
a conventional, general-purpose computer system. Special
purpose computers, which are designed or programmed to
perform only one function may be used in the alternative.
FIG. 6 is an illustration showing an exemplary computing
device which may implement the embodiments described
herein. The computing device of FIG. 6 may be used to
perform embodiments of the functionality for performing
the data recovery of large datasets in accordance with some
embodiments. The computing device includes a central
processing unit (CPU) 602, which is coupled through a bus
606 to a memory 604, and mass storage device 608. Mass
storage device 608 represents a persistent data storage
device such as a floppy disc drive or a fixed disc drive, which
may be local or remote in some embodiments. The mass
storage device 608 could implement a backup storage, in
some embodiments. Memory 604 may include read only
memory, random access memory, etc. Applications resident
on the computing device may be stored on or accessed
through a computer readable medium such as memory 604
or mass storage device 608 in some embodiments. Appli-
cations may also be in the form of modulated electronic
signals modulated accessed through a network modem or
other network interface of the computing device. It should
be appreciated that CPU 602 may be embodied in a general-
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purpose processor, a special purpose processor, or a spe-
cially programmed logic device in some embodiments.

Display 612 is in communication with CPU 602, memory
604, and mass storage device 608, through bus 606. Display
612 is configured to display any visualization tools or
reports associated with the system described herein. Input/
output device 610 is coupled to bus 606 in order to com-
municate information in command selections to CPU 602. It
should be appreciated that data to and from external devices
may be communicated through the input/output device 610.
CPU 602 can be defined to execute the functionality
described herein to enable the functionality described with
reference to FIGS. 1-5. The code embodying this function-
ality may be stored within memory 604 or mass storage
device 608 for execution by a processor such as CPU 602 in
some embodiments. The operating system on the computing
device may be iOS™, MS-WINDOWS™, (OS/2™,
UNIX™ LINUX™, or other known operating systems. It
should be appreciated that the embodiments described
herein may be integrated with virtualized computing system
also.

In the above description, numerous details are set forth. It
will be apparent, however, to one skilled in the art, that the
present invention may be practiced without these specific
details. In some instances, well-known structures and
devices are shown in block diagram form, rather than in
detail, in order to avoid obscuring the present invention.

It is to be understood that the above description is
intended to be illustrative, and not restrictive. Many other
embodiments will be apparent to those of skill in the art
upon reading and understanding the above description.
Although the present invention has been described with
reference to specific exemplary embodiments, it will be
recognized that the invention is not limited to the embodi-
ments described, but can be practiced with modification and
alteration within the spirit and scope of the appended claims.
Accordingly, the specification and drawings are to be
regarded in an illustrative sense rather than a restrictive
sense. The scope of the invention should, therefore, be
determined with reference to the appended claims, along
with the full scope of equivalents to which such claims are
entitled.

Detailed illustrative embodiments are disclosed herein.
However, specific functional details disclosed herein are
merely representative for purposes of describing embodi-
ments. Embodiments may, however, be embodied in many
alternate forms and should not be construed as limited to
only the embodiments set forth herein.

It should be understood that although the terms first,
second, etc. may be used herein to describe various steps or
calculations, these steps or calculations should not be lim-
ited by these terms. These terms are only used to distinguish
one step or calculation from another. For example, a first
calculation could be termed a second calculation, and,
similarly, a second step could be termed a first step, without
departing from the scope of this disclosure. As used herein,
the term “and/or” and the “I” symbol includes any and all
combinations of one or more of the associated listed items.
As used herein, the singular forms “a”, “an” and “the” are
intended to include the plural forms as well, unless the
context clearly indicates otherwise. It will be further under-
stood that the terms “comprises,” “comprising,” “includes,”
and/or “including,” when used herein, specify the presence
of stated features, integers, steps, operations, elements,
and/or components, but do not preclude the presence or
addition of one or more other features, integers, steps,
operations, elements, components, and/or groups thereof.
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Therefore, the terminology used herein is for the purpose of
describing particular embodiments only and is not intended
to be limiting.

It should also be noted that in some alternative imple-
mentations, the functions/acts noted may occur out of the
order noted in the figures. For example, two figures shown
in succession may in fact be executed substantially concur-
rently or may sometimes be executed in the reverse order,
depending upon the functionality/acts involved. With the
above embodiments in mind, it should be understood that the
embodiments might employ various computer-implemented
operations involving data stored in computer systems. These
operations are those requiring physical manipulation of
physical quantities. Usually, though not necessarily, these
quantities take the form of electrical or magnetic signals
capable of being stored, transferred, combined, compared,
and otherwise manipulated. Further, the manipulations per-
formed are often referred to in terms, such as producing,
identifying, determining, or comparing. Any of the opera-
tions described herein that form part of the embodiments are
useful machine operations. The embodiments also relate to
a device or an apparatus for performing these operations.
The apparatus can be specially constructed for the required
purpose, or the apparatus can be a general-purpose computer
selectively activated or configured by a computer program
stored in the computer. In particular, various general-pur-
pose machines can be used with computer programs written
in accordance with the teachings herein, or it may be more
convenient to construct a more specialized apparatus to
perform the required operations.

A module, an application, a layer, an agent or other
method-operable entity could be implemented as hardware,
firmware, or a processor executing software, or combina-
tions thereof. It should be appreciated that, where a soft-
ware-based embodiment is disclosed herein, the software
can be embodied in a physical machine such as a controller.
For example, a controller could include a first module and a
second module. A controller could be configured to perform
various actions, e.g., of a method, an application, a layer or
an agent.

The embodiments can also be embodied as computer
readable code on a non-transitory computer readable
medium. The computer readable medium is any data storage
device that can store data, which can be thereafter read by
a computer system. Examples of the computer readable
medium include hard drives, network attached storage
(NAS), read-only memory, random-access memory, CD-
ROMs, CD-Rs, CD-RWs, magnetic tapes, flash memory
devices, and other optical and non-optical data storage
devices. The computer readable medium can also be dis-
tributed over a network coupled computer system so that the
computer readable code is stored and executed in a distrib-
uted fashion. Embodiments described herein may be prac-
ticed with various computer system configurations including
hand-held devices, tablets, microprocessor systems, micro-
processor-based or programmable consumer electronics,
minicomputers, mainframe computers and the like. The
embodiments can also be practiced in distributed computing
environments where tasks are performed by remote process-
ing devices that are linked through a wire-based or wireless
network.
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Although the method operations were described in a
specific order, it should be understood that other operations
may be performed in between described operations,
described operations may be adjusted so that they occur at
slightly different times or the described operations may be
distributed in a system which allows the occurrence of the
processing operations at various intervals associated with
the processing.

In various embodiments, one or more portions of the
methods and mechanisms described herein may form part of
a cloud-computing environment. In such embodiments,
resources may be provided over the Internet as services
according to one or more various models. Such models may
include Infrastructure as a Service (laaS), Platform as a
Service (PaaS), and Software as a Service (SaaS). In laaS,
computer infrastructure is delivered as a service. In such a
case, the computing equipment is generally owned and
operated by the service provider. In the PaaS model, soft-
ware tools and underlying equipment used by developers to
develop software solutions may be provided as a service and
hosted by the service provider. SaaS typically includes a
service provider licensing software as a service on demand.
The service provider may host the software, or may deploy
the software to a customer for a given period of time.
Numerous combinations of the above models are possible
and are contemplated.

Various units, circuits, or other components may be
described or claimed as “configured to” perform a task or
tasks. In such contexts, the phrase “configured to” is used to
so connote structure by indicating that the units/circuits/
components include structure (e.g., circuitry) that performs
the task or tasks during operation. As such, the unit/circuit/
component can be said to be configured to perform the task
even when the specified unit/circuit/component is not cur-
rently operational (e.g., is not on). The units/circuits/com-
ponents used with the “configured to” language include
hardware; for example, circuits, memory storing program
instructions executable to implement the operation, etc.
Reciting that a unit/circuit/component is “configured to”
perform one or more tasks is expressly intended not to
invoke 35 U.S.C. 112, sixth paragraph, for that unit/circuit/
component. Additionally, “configured to” can include
generic structure (e.g., generic circuitry) that is manipulated
by software and/or firmware (e.g., an FPGA or a general-
purpose processor executing software) to operate in manner
that is capable of performing the task(s) at issue. “Config-
ured to” may also include adapting a manufacturing process
(e.g., a semiconductor fabrication facility) to fabricate
devices (e.g., integrated circuits) that are adapted to imple-
ment or perform one or more tasks.

The foregoing description, for the purpose of explanation,
has been described with reference to specific embodiments.
However, the illustrative discussions above are not intended
to be exhaustive or to limit the invention to the precise forms
disclosed. Many modifications and variations are possible in
view of the above teachings. The embodiments were chosen
and described in order to best explain the principles of the
embodiments and its practical applications, to thereby
enable others skilled in the art to best utilize the embodi-
ments and various modifications as may be suited to the
particular use contemplated. Accordingly, the present
embodiments are to be considered as illustrative and not
restrictive, and the invention is not to be limited to the details
given herein, but may be modified within the scope and
equivalents of the appended claims.
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What is claimed is:

1. A method of data recovery for a Synthesized Large Data
Set (SLDS) dataset logically divided into segments that are
continuously changeable, comprising:

storing, by a processor, a map representing an initial full

set of segments of the SLDS;

collecting, by the processor, a plurality of data inputs

corresponding to a plurality of versions, at different
times, of the SLDS dataset from a plurality of comput-
ing devices, with each version having a plurality of
segments in which individual segments are updatable
such that any individual segment is capable of being
changed over a previous version;

generating a first version of the SLDS dataset having a

plurality of segments corresponding to the initial full
set of segments;

generating a first delta map corresponding to changes in

the plurality of segments for a second version of the
SLDS dataset, wherein the second version is one of a
plurality of versions of the SLDS dataset generated
after the first version;

generating a second delta map corresponding to changes

in the plurality of segments for all versions prior to the
second version wherein the generating of the second
delta map includes retrieving a delta map correspond-
ing to a previous version, generating a cumulative set
of changes prior to the second version of the SLDS
dataset, and summing the cumulative set of changes
with the delta map corresponding to the previous
version to generate the second delta map; and
generating a recovered version of the SLDS dataset by
summing the first version, the first delta map and the
second delta map;
wherein the initial full set of segments is constant for a
particular SLDS system, the first delta map has a size
constant in magnitude for an amount of changed
segments per update for the particular SLDS system,
and the second delta map has a variable size;
wherein the recovered version of the SLDS dataset is
generated with near-constant time recovery.

2. The method of claim 1, wherein the generating of the
first version of a SLDS dataset comprising:

collecting, by the processor, a plurality of data inputs

corresponding to the first version of the SLDS dataset
from the plurality of computing devices; and

storing the plurality of data inputs in a map.

3. The method of claim 1, wherein the generating of the
first delta map comprising:

receiving the second version of the SLDS dataset;

detecting a change between at least one segment of the

second version of the SLDS dataset and a correspond-
ing at least one segment of a prior version of the SLDS
dataset; and

storing each change in the first delta map corresponding

to the second version of the SLDS dataset.

4. The method of claim 1, wherein the retrieving a delta
map corresponding to the previous version comprising:

receiving a previous version of the SLDS dataset;

detecting a change between at least one segment of the
previous version of the SLDS dataset and a correspond-
ing at least one segment of a prior version of the SLDS
dataset; and

storing each change in the delta map corresponding to the

previous version of the SLDS dataset.
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5. The method of claim 1, wherein the generating a
cumulative set of changes comprising:

receiving each version between the first version through
the previous version of the SLDS dataset as an
observed version;

detecting, for each version, a detected change between at
least one segment of the observed version of the SLDS
dataset and a corresponding at least one segment of a
prior version of the SLDS dataset; and

storing, for each version, the detected change in a delta
map corresponding to each version of the SLDS data-
set.

summing each delta map to generate the cumulative set of
changes.

6. The method of claim 1, wherein the SLDS dataset
comprises data relating to weather, bioinformatics, hyper-
spectral remote sensing, face recognition, epidemiology,
large-scale physics simulations, internet traffic analysis, or
urban population dynamics.

7. A data recovery system for a Synthesized Large Data
Set (SLDS) dataset logically divided into segments that are
continuously changeable, comprising:

a memory; and
a processor operable to:

store, by a processor, a map representing an initial full
set of segments of the SLDS;

collect a plurality of data inputs corresponding to a
plurality of versions, at different times, of the SLDS
dataset from a plurality of computing devices, with
each version having a plurality of segments in which
individual segments are updatable such that any
individual segment is capable of being changed over
a previous version;

generate a first version of a SLDS dataset having a
plurality of segments corresponding to the initial full
set of segments;

generate a first delta map corresponding to changes in the
plurality of segments for a second version of the SLDS
dataset, wherein the second version is one of a plurality
of versions of the SLDS dataset generated after the first
version;

generate a second delta map corresponding to changes in
the plurality of segments for all versions of the SLDS
dataset prior to the second version of the SLDS dataset,
wherein the generate the second delta map includes

retrieving a delta map corresponding to the previous
version of the SLDS dataset,

generating a cumulative set of changes prior to the second
version of the SLDS dataset, and summing the cumu-
lative set of changes with the delta map corresponding
to the previous version to generate the second delta
map; and

generate a recovered version of the SLDS dataset by
summing the first version, the first delta map and the
second delta map;

wherein the initial full set of segments is constant for a
particular SLDS system, the first delta map has a size
constant in magnitude for an amount of changed
segments per update for the particular SLDS system,
and the second delta parameter has a variable size;

wherein the recovered version of the SLDS dataset is
generated with near-constant time recovery.
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8. The data recovery system of claim 7, wherein the
generate the first version of the SLDS data includes:

collecting, by the processor, a plurality of data inputs

corresponding to the first version of a SLDS dataset
from a plurality of computing devices; and

storing the plurality of data inputs in a map.

9. The data recovery system of claim 7, wherein the
generate the first delta map includes to:

receiving the second version of the SLDS dataset;

detecting a change between at least one segment of the

second version of the SLDS dataset and a correspond-
ing at least one segment of a prior version of the SLDS
dataset; and

storing each change in the first delta map corresponding

to the second version of the SLDS dataset.

10. The data recovery system of claim 7, wherein retriev-
ing the delta map corresponding the previous version
includes:

receiving a previous version of the SLDS dataset;

detecting a change between at least one segment of the

previous version of the SLDS dataset and a correspond-
ing at least one segment of a prior version of the SLDS
dataset; and

storing each change in the delta map corresponding to the

previous version of the SLDS dataset.

11. The data recovery system of claim 7, wherein gener-
ating the cumulative set of changes:

receiving each version between the first version through

the previous version of the dataset as an observed
version;

detecting, for each version, a change between at least one

segment of the observed version of the SLDS dataset
and a corresponding at least one segment of a prior
version of the SLDS dataset; and

storing, for each version, the detected change in a delta

map corresponding to each version of the SLDS data-
set;

summing each delta map to generate the cumulative set of

changes.

12. The data recovery system of claim 7, wherein the
SLDS dataset comprises data relating to weather, bioinfor-
matics, hyperspectral remote sensing, face recognition, epi-
demiology, large-scale physics simulations, internet traffic
analysis, or urban population dynamics.

13. A non-transitory computer-readable medium includ-
ing code for performing a method of data recovery for a
Synthesized Large Data Set (SLDS) dataset logically
divided into segments that are continuously changeable, the
method comprising:

storing, by a processor, a map representing an initial full

set of segments of the SLDS;

collecting a plurality of data inputs corresponding to a

plurality of versions, at different times, of the SLDS
dataset from a plurality of computing devices, with
each version having a plurality of segments in which
individual segments are updatable such that any indi-
vidual segment is capable of being changed over a
previous version;

generating a first version of a SLDS dataset having a

plurality of segments corresponding to the initial full
set of segments;

generating a first delta map corresponding to changes in

the plurality of segments for a second version of the
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SLDS dataset, wherein the second version is one of a
plurality of versions of the SLDS dataset generated
after the first version;
generating a second delta map corresponding to changes
5 in the plurality of segments for all versions prior to the
second version wherein the generating of the second
delta map includes retrieving a delta map correspond-
ing to the previous version of the SLDS dataset, gen-
erating a cumulative set of changes prior to the second
version of the SLDS dataset, and summing the cumu-
lative set of changes with the delta map corresponding
to the previous version to generate the second delta
map; and

generating a recovered version of the SLDS dataset by

summing the first version, the first delta map and the

second delta map;

wherein the initial full set of segments is constant for a
particular SLDS system, the first delta map has a size
constant in magnitude for an amount of changed
segments per update for the particular SLDS system,
and the second delta parameter has a variable size;

wherein the recovered version of the SLDS dataset is
generated with near-constant time recovery.

14. The non-transitory computer-readable medium of
claim 13, wherein the generating the first version of a SLDS
dataset comprising:

collecting, by the processor, a plurality of data inputs

corresponding to the first version of a SLDS dataset
from a plurality of computing devices; and

storing the plurality of data inputs in a map.

15. The non-transitory computer-readable medium of
claim 13, wherein the generating of the first delta map
comprising:

receiving the second version of the SLDS dataset;

detecting a change between at least one segment of the

second version of the SLDS dataset and a correspond-
ing at least one segment of a prior version of the SLDS
dataset; and

storing each change in the first delta map corresponding

to the second version of the SLDS dataset.

16. The non-transitory computer-readable medium of
claim 13, wherein the retrieving a delta map corresponding
the previous version comprising:

receiving a previous version of the SLDS dataset;

detecting a change between at least one segment of the

previous version of the SLDS dataset and a correspond-
ing at least one segment of a prior version of the SLDS
dataset; and

storing each change in the delta map corresponding to the

previous version of the SLDS dataset.

17. The non-transitory computer-readable medium of
claim 13, wherein the generating a cumulative set of changes
comprising:

receiving each version between the first version through

the previous version of the SLDS dataset as an
observed version;

detecting, for each version, a detected change between at

least one segment of the observed version of the SLDS
dataset and a corresponding at least one segment of a
prior version of the SLDS dataset; and

storing, for each version, the detected change in a delta

map corresponding to each version of the SLDS data-
set.
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